In this study, variation characteristics of hydrometeorological factors were explored based on observed time-series data between 1957 and 2010 in four subregions of the Yellow River Basin. For each region, precipitation-streamflow models at annual and flood-season scales were developed to quantify the impact of annual precipitation, temperature, percentage of flood-season precipitation, and anthropogenic interference. The sensitivities of annual streamflow to these three climatic factors were then calculated using a modified elasticity coefficient model. The results presented the following:
Introduction
A number of studies have reported streamflow reduction in several rivers throughout the world [1] [2] [3] [4] [5] , putting enormous stress on ecological and socioeconomic systems. This is especially stressful for semiarid and semihumid regions, where the hydrological cycle and water yield will be more vulnerable to climate change and anthropogenic interference [6] . Climatic changes include temperature changes and the redistribution of precipitation, which together affect streamflow discharge [7] . Anthropogenic interference mainly consists of land use/cover change (LUCC), urbanized and industrialized extension, and hydropower development and irrigation intensification, which greatly alter the underlying surface and water resource reapportionment [8] . Quantification of streamflow changes and identification of the various contributing factors are of considerable importance for a better understanding of the hydrologic mechanisms, which is beneficial for planning suitable adaptation strategies and water management.
There are various methods to separate the impacts of climate change and anthropogenic interference on streamflow, mainly including catchment experiments, hydrological models, and statistical methods [9] . Catchment experiments are the most rigorous empirical research design for estimating the effects of land use on aquatic systems [10] , but they can be influenced by the variation in experimental conditions and the presentation of results [11] . Most relevant studies indicate that catchment streamflow decreased significantly after afforestation and increased after deforestation [10, 12, 13] . Hydrological models, both distributed and lumped, have been widely used [7, [14] [15] [16] . Hu et al. applied the water and energy budget-based distributed hydrological model (WEB-DHM) to diagnose and quantify climate and human impacts on streamflow change [17] . Hundecha et al. applied a conceptual rainfall-runoff model to 95 catchments in the Rhine basin to model the effect of land use change on runoff [18] . Statistical methods such as streamflow elasticity have also been used in regions specifically with available long-term climate and hydrologic data [9, 19, 20] . Tian et al. used regression analysis to illustrate runoff decline via comparison of precipitation-runoff correlation for the period prior to and after sharp runoff decline [21] .
The semiarid and arid Yellow River Basin (YRB) is the main source of surface water in the northwest and northern part of China. The annual streamflow is about 58 billion m 3 , and the water resource per capita is 905 m 3 -only a third of the national average, which poses a threat to the YRB's water resources availability. The climbing industry, agriculture, and household demand for water induced by rapid economic development and expanding urbanization is also a challenge [22] . In addition, some ecological programs launched by the Chinese government since 1999 have greatly altered the regional water cycle, including the Natural Forest Conservation Program (NFCP) and Grain for Green Project (GFGP) (http://tghl.forestry.gov.cn/) [6, 23] , and therefore, the basin is very sensitive to climate change and anthropogenic interference. Attempts have been made to understand the long-term streamflow variation and the sensitivity of streamflow to climate change in the Yellow River Basin. Tang et al. used a distributed biosphere hydrological (DHB) model system to simulate hydroclimate connections in the Yellow River Basin and found that climate change dominated the predicted changes in the upper and middle reaches, but anthropogenic interference dominated the lower reaches [24] . Liu et al. found that streamflow was more sensitive to precipitation in humid regions or wet years than in arid regions or dry years by means of streamflow elasticity [25] . Li et al. investigated the changing properties and underlying causes for decreased streamflow by both the Budyko framework and hydrological modeling techniques [26] . However, most of these previous studies focused on the entire basin or a local scale of catchments instead of comparing different subregions, let alone the comparison before and after the implementation of Natural Forest Conservation Program and Grain for Green Project. Moreover, few studies have paid attention to the contribution made by variations in the intra-annual distribution of precipitation, with only the annual precipitation considered.
The objectives of this paper are as follows: (1) to explore the spatial-temporal variation of annual precipitation, average temperature, the percentage of flood-season precipitation and natural streamflow in different subregions of YRB; (2) to quantitatively analyze the spatial-temporal characteristics of the contribution made by different meteorological factors and anthropogenic interference to streamflow changes in different subregions; (3) to analyze the spatial-temporal characteristics of the sensitivity of annual streamflow to various meteorological factors.
Study Area and Data

Study Area
The Yellow River (Figure 1 ) originates in the Qinghai Province of China and flows into Bohai Bay, forming the Yellow River Basin, which covers a total watershed area of 795,000 km 2 (including endoreic inter flow area). The main stream is 5464 km long with a slope of 4480 m. It can be divided into three parts. The upper reach travels 3472 km and drains 428,000 km 2 of land. The middle reach flows for 1206 km, with a drainage area of 344,000 km 2 . When the middle reach flows through the Loess Plateau, the tributaries transport vast amounts of sediment, proclaiming the Yellow River as having the highest sediment content in the world. The remaining down reach has a length of 786 km and a drainage area of 23,000 km 2 . The climatic and hydrologic conditions of the YRB are complex because of the large geographical extent and elevation difference. The precipitation exhibits high spatial and temporal variabilities: the ratio of rainfall between the North and South is greater than 5, 70% of precipitation falls between June and September, and the variation coefficient (C v ) is between 0.15 and 0.4. Temperature disparity is one of the major climate features in the YRB, with an annual mean temperature fluctuating from −4 • C to 14 • C. Considering the critical role played by the Yellow River in regional water supply and the tremendous challenges posed by water shortages, an analysis of the variation and sensitivity of annual streamflow is both important and imperative. 
Methodology
Time-Series Analysis Method
Change-Point Detection and Trend Analysis of Hydrological and Climate Data
Both the change-point detection of annual streamflow data and trend analysis of hydrometeorological data were conducted by a Mann-Kendall (MK) test, which is widely used for its simplicity, robustness and the ability to deal with non-normal and missing data distributions [29, 30] . After estimating the test statistics UFi and UBi, the curve of these two test statistics are plotted. If a match point of the two curves exists and the trend is statistically significant, the match point can be regarded as a change-point of the time series [17] . In terms of trend analysis, the MK test statistic Z was calculated. A positive and negative Z value represent increasing and declining trends, respectively. The null hypothesis, H0, states that there is no statistically significant trend in the series for a given significance level α. In this paper, α was set to be 0.05 and the 1-α/2 quantile of the standard normal distribution for α (Z(1-α/2)) was 1.96. If |Z| > Z(1-α/2), the null hypothesis is rejected, indicating the trend is significant. Otherwise, the H0 hypothesis is accepted.
In addition, the precipitation-runoff double cumulative curve (DCC) was also used as an auxiliary confirmation of the change-points by providing a visual representation of the consistency of the precipitation and streamflow data [31] . 
Data Collection and Preprocessing
The datasets used in this study include climate, streamflow, leaf area index (LAI), and Digital Elevation Model (DEM) data.
Climate data were obtained from the China Meteorological Administration (CMA), including daily precipitation from 582 rainfall gauges and the daily mean, maximum, and minimum temperatures from 97 meteorological stations inside and near the Yellow River basin from 1957 to 2010.
The monthly naturalized streamflow time-series for four hydrological stations (Tangnaihai, Toudaoguai, Longmen, and Huayuankou) between 1957 and 2010 were obtained from the Yellow River Hydrographic Bureau (YRHB). These four-gauge stations were selected with the intent of determining streamflow changes in four different subregions. Specifically, streamflow at Tangnaihai was considered the source region; the streamflow from the upper reach was the difference between Toudaoguai and Tangnaihai; the difference between Huayuankou and Toudaoguai was declared as the middle reach streamflow. Due to the complex hydrogeological conditions in middle reach (Loess Plateau), Longmen station was added to separate the middle reach into two detailed parts. Four regions were thus formed:
Water 2018, 10, 1155 4 of 18 the source region, Tang-Tou region, Tou-Long region, and Long-Hua region. Particularly, this dataset was the naturalized streamflow, having removed the variation caused by artificial water intake and reservoir storage and streamflow. That is to say, different from the broad sense, the anthropogenic interference defined in this study mainly included soil and water conservation measures.
GLASS LAI, one of the five typical global LAI products, was chosen for this study because it includes the longest duration (1982-2013) LAI product. Additionally, compared with those of the current MODIS and CYCLOPES LAI products, it provides temporally continuous LAI profiles with much better quality and accuracy [27] .
Furthermore, a 30 × 30 m digital elevation model (DEM) was used for the interpolation of climatic variables. ANUSPLIN, a well-performed spatial interpolation package based on thin-plate smooth-spline interpolation, was selected to interpolate climatic variables. Developed by Australian National University, it is a tool mainly used for the transparent analysis and interpolation of noisy multi-variants data [28] . Using the longitude, latitude, and elevation of the meteorological stations as variables, daily precipitation and mean temperature datasets were aggregated to obtain mean monthly and annual values in four different subregions. Both the change-point detection of annual streamflow data and trend analysis of hydrometeorological data were conducted by a Mann-Kendall (MK) test, which is widely used for its simplicity, robustness and the ability to deal with non-normal and missing data distributions [29, 30] . After estimating the test statistics UF i and UB i , the curve of these two test statistics are plotted. If a match point of the two curves exists and the trend is statistically significant, the match point can be regarded as a change-point of the time series [17] . In terms of trend analysis, the MK test statistic Z was calculated. A positive and negative Z value represent increasing and declining trends, respectively. The null hypothesis, H 0 , states that there is no statistically significant trend in the series for a given significance level α. In this paper, α was set to be 0.05 and the 1−α/2 quantile of the standard normal distribution for α (Z (1−α/2) ) was 1.96. If |Z| > Z (1−α/2) , the null hypothesis is rejected, indicating the trend is significant. Otherwise, the H 0 hypothesis is accepted.
In addition, the precipitation-runoff double cumulative curve (DCC) was also used as an auxiliary confirmation of the change-points by providing a visual representation of the consistency of the precipitation and streamflow data [31] .
Trend Analysis of LAI
The temporal and spatial variation of the mean LAI were analyzed using a linear regression analysis method in this study. Using overall LAI trend computations to identify spatial patterns of directions and rates of change, a least squares regression was fit through the time series of each pixel and the slope coefficient that represent trends was calculated [27] . The slope of the trend coefficient was defined as follows:
where n is the cumulative number of years in the study periods, i is the order of year, and LAI i is the value of LAI in the ith year. In general, if slope > 0, LAI will increase, suggesting better vegetation in this pixel.
Multitemproal-Scale Precipitation-Runoff Model
Since access to very limited information and data for basin geometry can hardly satisfy the minimal requirements of basin-scale models, statistical methods were employed to determine the relationship of streamflow and other climatic factors for the baseline period. Both an annual scale model and flood and nonflood season model were built.
At annual scale, the precipitation-runoff model was built using multiple linear regression analysis. At flood and nonflood season scale, given the fact that linear regression analysis method may not satisfy the requirement of model accuracy, a statistical model based on the Random Forest (RF) regression, which is one of the most effective machine learning models for predictive analytical approaches [32, 33] , was trained to reconstruct streamflow data in the human-affected period. RFs were developed as a method of improving the predictions of classification and regression trees by alleviating the overfitting concern of regression trees [34] . It has proved to be more robust and accurate than traditional linear (e.g., multiple linear regression) or more complex methods [35] . Two parameters need to be set in order to produce the forest trees: the number of decision trees to be generated (N tree ) and the number of variables to be selected and tested for the best split when growing the trees (M try ) [36] . In this paper, N tree was set as 200, and M try was set as the default value in the R package for random forests.
In this study, the correlation of different climatic variables (annual precipitation, mean temperature, precipitation in the former years, flood-season precipitation and mean temperature, nonflood season precipitation and mean temperature, precipitation of the last month of the flood season) between annual streamflow, flood-season streamflow and nonflood season streamflow were analyzed using Pearson correlation coefficient analysis respectively, and those with a high correction coefficient between streamflow were chosen as the independent variable [36] for developing annual, flood and nonflood seasonal precipitation-runoff models. Furthermore, variance analysis and an F-test were conducted to test the accountability of the statistical models.
Contribution Calculation of Climatic and Anthropogenic Factors on Annual Streamflow
Model simulation, along with the hypothesis that climate fluctuations and anthropogenic interference are independent, was employed to separate the impacts on streamflow variation. Several scenarios were designed to reconstruct natural streamflow and then separate the impact of climatic fluctuations and anthropogenic interference on natural streamflow: S1: Conducting the control simulation based on the annual precipitation-runoff model with observed changes in precipitation and temperature over the human-affected period; S2: Using the same forcing data as the control simulation S1, except the mean value of the temperature was fixed to the mean of the baseline period; S3: Conducting the control simulation based on the flood and nonflood season precipitation-runoff model with observed changes in precipitation and temperature over the human-affected period; S4: Using the same forcing data as the control simulation S3, except the mean of the percentage of flood-season precipitation was fixed at the level of the baseline period and the annual precipitation remained as the S3 observations.
The total streamflow change (∆R total ) can be obtained by the difference between the observed streamflow in baseline period (R ob ) and that in human-affected period (R oh ), which can be expressed as:
where ∆R total includes two main parts, the streamflow change caused by climate fluctuations ∆R C and anthropogenic interference ∆R H , and the former ∆R C is made up of precipitation-induced change ∆R P and temperature-induced variation ∆R T .
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The difference between S1 and S2 (S1-S2) was used to estimate the change magnitude of the simulated annual streamflow caused by the temperature variation ∆R T :
where R S1 is the mean of simulated annual natural streamflow in the scenario S1, and R S2 is the mean of simulated annual natural streamflow for the scenario S2. ∆R C can be calculated by the following equation:
The streamflow change magnitudes caused by anthropogenic factor (∆R H ) and annual precipitation variation (∆R P ) are calculated using Equation (2) .
The contribution rate of each factor, which is defined as η k , is quantitatively estimated by:
where k can be referred to as precipitation (P), temperature (T), and anthropogenic interference (H).
The difference between S3 and S4 (S3-S4) was used to estimate the change magnitude of the simulated annual streamflow caused by the variation of the percentage of flood-season precipitation:
where R S3 is the mean of simulated annual natural streamflow in S3, and R S4 is the mean of simulated annual natural streamflow for S4. ∆R P_dis is the change magnitude of natural streamflow caused by the variation of the percentage of flood-season precipitation.
Sensitivity Calculation of Annual Streamflow to Climatic Factors
Contribution assessment alone cannot fully explain the response of streamflow to different variables. For example, certain variable contributions may be greater because of the larger change magnitude of this variable. Therefore, to better understand the streamflow response to climatic factor changes in different regions and periods, a modified sensitivity coefficient was defined that reflects sensitivity of streamflow to various climatic variables: The formula uses simulated streamflow data in different scenarios and observed meteorological factor data to calculate the sensitivity of streamflow to different meteorological factors. The specific calculation formulas are as follows:
where R ob , P ob , T ob , γ ob are the means of annual natural streamflow, precipitation, temperature, and percentage of flood-season precipitation over the baseline period, respectively. R S1 i , R S3 i , R S4 i are the simulated natural streamflow in the ith year in S1, S3, and S4, respectively. R S4 is the mean of simulated annual natural streamflow for S4. P i , T i , γ i are the observed annual precipitation, temperature, and percentage of flood-season precipitation over the human-affected period, respectively.
Results
Spatial-Temporal Variation Characters for Hydrometeorological Variables
Change-Point Detection
The change-point detection of annual streamflow was mainly conducted using MK mutation analysis, combined with the auxiliary annual precipitation-streamflow double cumulative curve. percentage of flood-season precipitation over the baseline period, respectively. , , are the simulated natural streamflow in the ith year in S1, S3, and S4, respectively.
is the mean of simulated annual natural streamflow for S4. P , T , are the observed annual precipitation, temperature, and percentage of flood-season precipitation over the human-affected period, respectively.
Results
Spatial-Temporal Variation Characters for Hydrometeorological Variables
Change-Point Detection
The change-point detection of annual streamflow was mainly conducted using MK mutation analysis, combined with the auxiliary annual precipitation-streamflow double cumulative curve. Particularly, the Chinese government launched the Grain for Green Project (GFGP) in 1999. Since then, the land cover and vegetation in the middle reaches of the Yellow River have undergone drastic changes, which may also affect streamflow. In addition, it is found that there is a significant change point in 2000 in Tou-Long region by DCC in Figure 3 , indicating that the impacts of human activities became more prominent in the Yellow River Basin, especially in the Loess Plateau after 2000. Therefore, the year 2000 was added to further divide the human-affected period into two parts: from the change-point year to 2000 (Period I) and from 2001 to 2010 (Period II), with the intent of analyzing how much non-meteorological factors have affected the streamflow after 2000 when land cover and vegetation change became more intense. Particularly, the Chinese government launched the Grain for Green Project (GFGP) in 1999. Since then, the land cover and vegetation in the middle reaches of the Yellow River have undergone drastic changes, which may also affect streamflow. In addition, it is found that there is a significant change point in 2000 in Tou-Long region by DCC in Figure 3 , indicating that the impacts of human activities became more prominent in the Yellow River Basin, especially in the Loess Plateau after 2000. Therefore, the year 2000 was added to further divide the human-affected period into two parts: from the change-point year to 2000 (Period I) and from 2001 to 2010 (Period II), with the intent of analyzing how much non-meteorological factors have affected the streamflow after 2000 when land cover and vegetation change became more intense. 
Trend Analysis of Annual Precipitation, Mean Temperature, and Naturalized Streamflow
Overall, a drying and warming trend was apparent in the YRB throughout the past 54 years. Figure 4 plots the annual time series of precipitation, mean temperature, naturalized streamflow, and their mean value before and after the change-point across the Long-Hua region. Both the annual precipitation and streamflow decreased, whereas mean temperature increased. The other three regions in the YRB also exhibited a similar trend. According to the MK analysis results in Figure 5 , a decreasing trend of precipitation was detected in the YRB, excluding the source region, which had a positive MK value. As for the reduction rate, Table 1 shows that the precipitation of Tou-Long and Long-Hua in the middle reach reduced faster than that of Tang-Tou in the upper reach. However, none of the decreasing trends of precipitation were statistically significant. Conversely, the obvious warmer trend was statistically significant in the whole study area, with an average increasing rate of about 0.04 °C/a. A decreasing streamflow occurred in the whole basin, with the reduction rate ranging from 0.57 × 10 8 m 3 /a to 2.21 × 10 8 m 3 /a. 
Overall, a drying and warming trend was apparent in the YRB throughout the past 54 years. Figure 4 plots the annual time series of precipitation, mean temperature, naturalized streamflow, and their mean value before and after the change-point across the Long-Hua region. Both the annual precipitation and streamflow decreased, whereas mean temperature increased. 
Overall, a drying and warming trend was apparent in the YRB throughout the past 54 years. Figure 4 plots the annual time series of precipitation, mean temperature, naturalized streamflow, and their mean value before and after the change-point across the Long-Hua region. Both the annual precipitation and streamflow decreased, whereas mean temperature increased. The other three regions in the YRB also exhibited a similar trend. According to the MK analysis results in Figure 5 , a decreasing trend of precipitation was detected in the YRB, excluding the source region, which had a positive MK value. As for the reduction rate, Table 1 shows that the precipitation of Tou-Long and Long-Hua in the middle reach reduced faster than that of Tang-Tou in the upper reach. However, none of the decreasing trends of precipitation were statistically significant. Conversely, the obvious warmer trend was statistically significant in the whole study area, with an average increasing rate of about 0.04 °C/a. A decreasing streamflow occurred in the whole basin, with the reduction rate ranging from 0.57 × 10 8 m 3 /a to 2.21 × 10 8 m 3 /a. The other three regions in the YRB also exhibited a similar trend. According to the MK analysis results in Figure 5 , a decreasing trend of precipitation was detected in the YRB, excluding the source region, which had a positive MK value. As for the reduction rate, Table 1 shows that the precipitation of Tou-Long and Long-Hua in the middle reach reduced faster than that of Tang-Tou in the upper reach. However, none of the decreasing trends of precipitation were statistically significant. Conversely, the obvious warmer trend was statistically significant in the whole study area, with an average increasing rate of about 0.04 • C/a. A decreasing streamflow occurred in the whole basin, with the reduction rate ranging from 0.57 × 10 8 m 3 /a to 2.21 × 10 8 m 3 /a. Table 2 presents the MK test results and the average change in the percentage of flood-season precipitation (γ). The overall declining trend of γ indicates that the intra-annual distribution of precipitation had changed. Spatially, the absolute value of MK decreased from the upper reach to the middle reach, with a significant trend in the source region (significance level = 0.05). For the entire human-affected period, γ dropped 4.63%, 1.18%, 6.89%, and 3.21%. It should be noted that γ increased by 2.70% during periodⅠin the Tang-Tou region. 
Precipitation-Runoff Model Calibration and Validation
Annual Model
According to the correlation coefficients in Table 3 , annual precipitation was positively related to annual streamflow, the largest coefficient among the influential factors, suggesting that annual precipitation dominated the annual streamflow change in the Yellow River Basin. To better reflect the condition of soil moisture content, precipitation from the former year was introduced as a factor [37] and was also positively related to annual streamflow, with a varying correlation of 0.03 to 0.27. In contrast, temperature was negatively related to annual streamflow. Among the four regions, the correlation coefficient between temperature and annual streamflow in the source region was far less than that of the other three regions, revealing a spatial difference. Thus, annual precipitation (P), precipitation of the former year (P−1), and mean temperature (T) were considered the main factors in the construction of the annual-scale model. Table 2 presents the MK test results and the average change in the percentage of flood-season precipitation (γ). The overall declining trend of γ indicates that the intra-annual distribution of precipitation had changed. Spatially, the absolute value of MK decreased from the upper reach to the middle reach, with a significant trend in the source region (significance level = 0.05). For the entire human-affected period, γ dropped 4.63%, 1.18%, 6.89%, and 3.21%. It should be noted that γ increased by 2.70% during period I in the Tang-Tou region. 
Precipitation-Runoff Model Calibration and Validation
Annual Model
According to the correlation coefficients in Table 3 , annual precipitation was positively related to annual streamflow, the largest coefficient among the influential factors, suggesting that annual precipitation dominated the annual streamflow change in the Yellow River Basin. To better reflect the condition of soil moisture content, precipitation from the former year was introduced as a factor [37] and was also positively related to annual streamflow, with a varying correlation of 0.03 to 0.27. In contrast, temperature was negatively related to annual streamflow. Among the four regions, the correlation coefficient between temperature and annual streamflow in the source region was far less than that of the other three regions, revealing a spatial difference. Thus, annual precipitation (P), precipitation of the former year (P −1 ), and mean temperature (T) were considered the main factors in the construction of the annual-scale model. Based on the correlation coefficients analysis results, a three-parameter linear regression model was built for each region. All models were calibrated in the period of 1957-1977 with climatic data and then validated in the period from 1978 to the change-point year. The observed annual streamflow and simulated streamflow during calibration and validation period in each region are plotted in Figure 6 . The relative bias (BIAS), relative root-mean-square error (RRMSE), and Nash-Sutcliffe efficiency coefficient (NSE) are given in Table 4 . All four models performed reasonably well: their NSE values were in the range of 0.75-0.89, and BIAS and RRMSE were within the range of 2.90% and 0.34, respectively. Moreover, nearly all the trends were captured, and all models passed the F-test. Overall, the model performance was acceptable within the study domain. Based on the correlation coefficients analysis results, a three-parameter linear regression model was built for each region. All models were calibrated in the period of 1957-1977 with climatic data and then validated in the period from 1978 to the change-point year. The observed annual streamflow and simulated streamflow during calibration and validation period in each region are plotted in Figure 6 . The relative bias (BIAS), relative root-mean-square error (RRMSE), and Nash-Sutcliffe efficiency coefficient (NSE) are given in Table 4 . All four models performed reasonably well: their NSE values were in the range of 0.75-0.89, and BIAS and RRMSE were within the range of 2.90% and 0.34, respectively. Moreover, nearly all the trends were captured, and all models passed the F-test. Overall, the model performance was acceptable within the study domain. 
Flood and Nonflood Seasonal Model
To further identify the contribution made by the variation of the flood-season precipitation percentage, a flood season model and nonflood season model were built, calibrated and validated after identifying the contributing factor by correlation coefficients analysis. Specifically, flood season precipitation and mean temperature were introduced to build the flood season model. In the construction of nonflood season model, in addition to nonflood season precipitation and average temperature, precipitation in October (the last month of the flood season in YRB) was also introduced as a factor [38] . The model performance in Table 4 and Figure 7 , as well as the successful F-test, suggest that these models were reliable when reconstructing the natural streamflow, despite some peak differences. To further identify the contribution made by the variation of the flood-season precipitation percentage, a flood season model and nonflood season model were built, calibrated and validated after identifying the contributing factor by correlation coefficients analysis. Specifically, flood season precipitation and mean temperature were introduced to build the flood season model. In the construction of nonflood season model, in addition to nonflood season precipitation and average temperature, precipitation in October (the last month of the flood season in YRB) was also introduced as a factor [38] . The model performance in Table 4 and Figure 7 , as well as the successful F-test, suggest that these models were reliable when reconstructing the natural streamflow, despite some peak differences. 
Contribution Assessment
The quantitative assessment of the effects on streamflow due to climate fluctuations and anthropogenic interference was carried out in four regions of the YRB. It can be seen from Table 5 that a tremendous reduction had taken place in annual streamflow, up to 41. 
The quantitative assessment of the effects on streamflow due to climate fluctuations and anthropogenic interference was carried out in four regions of the YRB. It can be seen from Table 5 It is obvious that the combination of decreased precipitation and increased mean temperature caused the annual streamflow reduction in the YRB. Furthermore, the change in the percentage of flood-season precipitation also affected streamflow variation. Table 6 shows that the flood-season precipitation percentage variation mainly caused the streamflow reduction, up to 9.45 × 10 8 m 3 /a, 2.32 × 10 8 m 3 /a, 2.01 × 10 8 m 3 /a, and 14.81 × 10 8 m 3 /a-comprising 21.88%, 7.36%, 10.28%, and 18.24%, respectively, of the total streamflow variation. The effects in the Tang-Tou region in Period I were an exception, causing a 0.70 × 10 8 m 3 /a rise in streamflow. With the variation of the flood-season precipitation percentage (Table 2) taken into consideration, a decline in the percentage of flood-season precipitation led to a corresponding drop in streamflow. In contrast, a rise of γ resulted in an increase in streamflow in the Tang-Tou region during Period I. This indicated that the greater the percentage of precipitation in flood season, the greater the simulated streamflow in YRB, assuming the same annual precipitation. Specifically, the contribution made by the variation in the percentage of flood-season precipitation was relatively higher in the source and Long-Hua regions. Furthermore, the contribution lowered after 2000 in source and Tou-Long region. To conclude, the streamflow was affected not only by the amount of annual precipitation but also the intra-annual distribution of precipitation.
Sensitivity Assessment
In this study, Equations (8) and (9) were used to calculate the sensitivity of streamflow to different climatic factors in four regions and the results were presented in Table 7 . In general, the absolute value of the sensitivity coefficient to precipitation was larger than that to mean temperature in the humid regions including Source and Long-Hua regions, whereas an opposite situation was observed in the relatively arid regions including Tang-Tou and Tou-Long regions, indicating that the sensitivity of streamflow to various climatic factors are different for regions with different hydrothermal conditions in YRB. In Period I, regarding the four regions of YRB, a 1% increase in annual precipitation would generate a 0.99-1.73% (1.36% on average) annual streamflow increase, whereas a 1% increase in temperature would produce a 0.01-1.16% (0.79% on average) decrease in annual streamflow. In addition, the sensitivity to the percentage of flood-season precipitation ranged from 0.19 to 0.63 in Period I. It should also be noted that the sensitivity of streamflow to various factors was not a constant. The sensitivity to precipitation and temperature increased considerably in Period II compared to that of Period I, suggesting that streamflow would be more sensitive to climate change. The sensitivities to intra-annual climate variation increased after 2000 as well, and the increase in sensitivity to percentage of flood-season precipitation was more significant in Tou-Long and Long-Hua regions.
Discussion
Analysis of the Impact of Anthropogenic Interference on Natural Streamflow
Overall, the findings of this study agreed with the results of other research in the contribution assessment [8, 29, 32, 39] . Table 5 shows that anthropogenic interference had a greater contribution in Tou-Long and Long-Hua regions after 2000, which was mainly due to the ecological program launched by the Chinese government in these two regions. Table 8 Figure 8 , the change intensity in forest and grass vegetation was largest in the Tou-Long region, followed by Long-Hua. 
Analysis of the Sensitivity of Streamflow to Annual Precipitation and the Percentage of Flood-Season Precipitation
This study modified the traditional formula of the elasticity coefficient and used the calculated sensitivity coefficient to analyze the sensitivity of streamflow to meteorological factors. It should be pointed out that the advantage of this modified sensitivity coefficient calculation formula is that it can be combined with the runoff derived from scenario simulation. That is, the dynamic streamflow time series under the influence of the target factor (such as precipitation, mean temperature, the percentage of flood season precipitation, etc.) can be constructed by the scenario simulation method, and then the sensitivity of streamflow to the certain target factor can be directly calculated based on the sensitivity formula, and the underlying mechanics for calculating the sensitivity of streamflow to the specific factor is relatively easy to understand. In contrast, the traditional elastic coefficient model can only use the original observed streamflow, and the simulation accuracy of the elastic coefficient is affected by the type and number of factors selected in the construction of the elastic model, leading to the greater uncertainty in the sensitivity analysis of specific factors.
According to the results shown in Table 7 , the sensitivity to annual precipitation exhibited both temporal and spatial differences. The annual streamflow after 2000 became more sensitive to annual precipitation in the whole basin. Chiew [44] reported a strong negative correlation between the elasticity coefficient to precipitation and streamflow coefficient (RC) for 219 catchments in Australia. Inspired by Zheng et al. [39] , the relationship between the sensitivity to annual precipitation ( ) and RC, which were estimated within a moving window of 10 years, was analyzed in this study. The relationship in Figure 9a shows that the sensitivity to annual precipitation ( ) was positively related to the inverse of the runoff coefficient (1/Rc), indicating that streamflow was more sensitive to precipitation in catchments or periods with low streamflow coefficients. The declining trend of streamflow coefficients of four regions, illustrated in Figure 8b , successfully explained the rise in sensitivity to annual precipitation from period I to period II. This also shows that the sensitivity coefficient calculated in this study has similar properties to the traditional elastic coefficient and can appropriately reflect the sensitivity of streamflow to meteorological elements. Furthermore, part of the reason for a streamflow coefficient decline may be that these regions experienced a significant rise in forest and grass vegetation, as demonstrated in previous studies [42] . Table 7 also shows that streamflow in the source, Tou-Long, and Long-Hua regions was more sensitive to precipitation than that in the Tang-Tou region. This spatial difference partly accorded with their streamflow coefficient except for the source area, which was expected to have a similar sensitivity to that of Tang-Tou. In fact, the value of the sensitivity of streamflow depends on many factors, such as the stochastic nature of climate, vegetation conditions, field capacity of soils, soil moisture levels, length of soil water depletion, and saturated hydraulic conductivity [24] . Compared with other regions, the source region has a relatively saturated soil condition ascribed to good vegetation cover (Figure 8 ) and humid climate conditions (Table 1) , making it easy to form 
Analysis of the Sensitivity of Streamflow to Annual Precipitation and the Percentage of FloodSeason Precipitation
According to the results shown in Table 7 , the sensitivity to annual precipitation exhibited both temporal and spatial differences. The annual streamflow after 2000 became more sensitive to annual precipitation in the whole basin. Chiew [44] reported a strong negative correlation between the elasticity coefficient to precipitation and streamflow coefficient (R C ) for 219 catchments in Australia. Inspired by Zheng et al. [39] , the relationship between the sensitivity to annual precipitation ( f P ) and R C , which were estimated within a moving window of 10 years, was analyzed in this study. The relationship in Figure 9a shows that the sensitivity to annual precipitation ( f P ) was positively related to the inverse of the runoff coefficient (1/R c ), indicating that streamflow was more sensitive to precipitation in catchments or periods with low streamflow coefficients. The declining trend of streamflow coefficients of four regions, illustrated in Figure 8b , successfully explained the rise in sensitivity to annual precipitation from period I to period II. This also shows that the sensitivity coefficient calculated in this study has similar properties to the traditional elastic coefficient and can appropriately reflect the sensitivity of streamflow to meteorological elements. Furthermore, part of the reason for a streamflow coefficient decline may be that these regions experienced a significant rise in forest and grass vegetation, as demonstrated in previous studies [42] . streamflow. Thus, streamflow in the source region is more sensitive to precipitation change than that in other dry regions, such as the arid Tang-Tou region. As for the sensitivity to the percentage of flood-season precipitation, it increased more in the Tou-Long and Long-Hua regions than in the source and Tang-Tou regions. Given the same annual precipitation, streamflow yield would not be affected by the precipitation temporal pattern in the regions with less forest and grass vegetation. However, as illustrated in Figure 8 , forest and grass vegetation increased in the Tou-Long and Long-Hua regions, playing a crucial role in streamflow yield: streamflow would become more sensitive to flood-season precipitation, leading to greater sensitivity to the percentage of flood-season precipitation.
Uncertainties Analysis
There are some uncertainties associated with the contribution assessment and sensitivity analysis. First, combining two different-scaled models-namely, the annual model and flood and nonflood season model-generates some uncertainties. Another uncertainty in the results exists in the assumption that climate change is independent of anthropogenic interference. In fact, these two factors are interrelated. For example, land cover change and vegetation increase caused by afforestation would also lead to climatic changes.
Despite the uncertainties and limitations, this study provides a relatively easy way to analyze the contribution of climate variables and the sensitivity of streamflow to these factors, including the intra-annual distribution of precipitation. More detailed work, such as distributed models, should be introduced to improve the understanding of the monthly streamflow response mechanism.
Conclusions
With the intent of distinguishing the effect of climate fluctuations and anthropogenic interference on streamflow reduction and analyzing the sensitivity of streamflow, an improved threeparameter annual precipitation-streamflow model and flood and nonflood season models were built to simulate natural streamflow. The major findings from this study are summarized below.
The MK results demonstrated a decreasing trend in annual precipitation, significant increasing trend in mean temperature, and decreasing trend in annual streamflow across the Yellow River, excluding the increasing annual precipitation in the source region during 1957-2010. Abrupt change did not take place simultaneously, with the earliest change-point detected in the Tou-Long region. Table 7 also shows that streamflow in the source, Tou-Long, and Long-Hua regions was more sensitive to precipitation than that in the Tang-Tou region. This spatial difference partly accorded with their streamflow coefficient except for the source area, which was expected to have a similar sensitivity to that of Tang-Tou. In fact, the value of the sensitivity of streamflow depends on many factors, such as the stochastic nature of climate, vegetation conditions, field capacity of soils, soil moisture levels, length of soil water depletion, and saturated hydraulic conductivity [24] . Compared with other regions, the source region has a relatively saturated soil condition ascribed to good vegetation cover (Figure 8 ) and humid climate conditions (Table 1) , making it easy to form streamflow. Thus, streamflow in the source region is more sensitive to precipitation change than that in other dry regions, such as the arid Tang-Tou region.
As for the sensitivity to the percentage of flood-season precipitation, it increased more in the Tou-Long and Long-Hua regions than in the source and Tang-Tou regions. Given the same annual precipitation, streamflow yield would not be affected by the precipitation temporal pattern in the regions with less forest and grass vegetation. However, as illustrated in Figure 8 , forest and grass vegetation increased in the Tou-Long and Long-Hua regions, playing a crucial role in streamflow yield: streamflow would become more sensitive to flood-season precipitation, leading to greater sensitivity to the percentage of flood-season precipitation.
Uncertainties Analysis
Conclusions
With the intent of distinguishing the effect of climate fluctuations and anthropogenic interference on streamflow reduction and analyzing the sensitivity of streamflow, an improved three-parameter annual precipitation-streamflow model and flood and nonflood season models were built to simulate natural streamflow. The major findings from this study are summarized below.
The MK results demonstrated a decreasing trend in annual precipitation, significant increasing trend in mean temperature, and decreasing trend in annual streamflow across the Yellow River, excluding the increasing annual precipitation in the source region during 1957-2010. Abrupt change did not take place simultaneously, with the earliest change-point detected in the Tou-Long region. On average, the percentage of flood-season precipitation exhibited a decreasing trend, with each of the four regions experiencing a different level of decline.
The intensity of streamflow reduction improved spatially from 19.00% in the source region to 37.82% in Long-Hua. The contribution made by the climatic fluctuations and anthropogenic interference varied spatially and temporally. From Tang-Tou to Long-Hua, the impacts of annual precipitation and anthropogenic interference increased, while the temperature effect decreased. Temporally, the dominant factor in the Tou-Long and Long-hua regions had shifted from precipitation to anthropogenic interference after 2000. Further, the variation in the percentage of flood-season precipitation was responsible for streamflow variation. The greater the percentage of flood-season precipitation, the greater the simulated streamflow will be.
The sensitivity of streamflow to various climatic factors are different for regions with different hydrothermal conditions in YRB: annual streamflow was more sensitive to annual precipitation than temperature in the humid regions, whereas an opposite situation was observed in the relatively arid regions. Sensitivity to precipitation and temperature both increased in the whole basin after 2000, indicating that substantial challenges and uncertainties might be introduced to regional water availability. The sensitivity of streamflow to the percentage of flood-season precipitation increased most significantly in the Tou-Long and Long-Hua regions, where the highest change intensity of forest and grass vegetation occurred after 2000. These research conclusions can provide a scientific reference for future Yellow River water resource management and ecological construction planning.
